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Executive Summary
Medical studies over the past few decades have shown increasing evidence that exposure to
pesticides is associated with numerous health conditions, specifically Non-Hodgkin Lymphoma,
leukemia, asthma, and depression. Pesticides are widely used across the United States to ensure an
affordable and bountiful food supply, but many of the chemicals used pose notable health risks.
Numerous programs exist to measure and monitor pesticide exposure from agriculture, but researchers
and public health experts remain uncertain of the efficacy of regulatory programs on reducing the
amount of pesticide used and on protecting citizens from exposure. Organic agriculture, which uses
significantly fewer pesticides than conventional agriculture, has long been promoted as beneficial for
both the environment and public health. Indeed, many consumers across the United States have a
perception that eating organic food is healthier than eating conventional products. However, the
primary regulatory program for organic production, the United States Department of Agriculture (USDA)
Certified Organic Program, largely ignores considerations of public health when developing policy.
While not an official goal of the program, one potential positive externality is the opportunity to
reduce the amount of pesticides used across the country, and thus reduce the incidence rates of health
conditions linked to pesticide exposure. This study uses a fixed effects regression to examine USDA
certified organic agricultural operations and health outcome incidence rates across all 50 states in the
United States to evaluate the impact of the USDA organic program on public health. The study uses data
from the U.S. Census American Community Survey, the Centers for Disease Control, the United States
Department of Agriculture, and other federal agencies between 2011 and 2017. Using this data
aggregated at the state level, this analysis shows potentially promising results for the effect of the
organic program. While multiple factors contribute to incidence rates of the four selected health
outcomes, all four are significantly impacted by increases in USDA certified organic production. Overall,
the results indicate that increased USDA certified organic production could be an effective tool for

mitigating health problems associated with pesticide exposure. With this in mind, the program could
benefit from more consideration of public health issues and the impact of organic production on human
health when creating programs and policies.

Introduction
Pesticides are commonly used across the United States for lawn care, insect control, and
agricultural production, with over 1 billion pounds used across the country each year (Alavanja M. C.,
2009). While these products can be highly effective in fighting off the pests they are designed for,
people have grown increasingly concerned about the impact of these chemicals on human health.
Numerous studies over the past decade have shown links between pesticide exposure and negative
health outcomes, such as cancer, respiratory problems, and mental health disorders (Alavanja, et al.,
2014) (Raanan, et al., 2015) (Suarez-Lopez, et al., 2019). Occupational exposure to pesticides is
repeatedly linked to statistically higher chances of developing these issues (Beard, et al., 2014) (Cherry,
Beach, Senthilselvan, & Burstyn, 2018) (Hoppin, et al., 2017) (Weisskopf, Moisan, Tzourio, Rathouz, &
Elbaz, 2013), and it makes sense that residents in agricultural communities would be concerned about
the effects of secondary exposure.
There are a number of ways that individuals can be exposed to harmful pesticides, including
occupational exposure, residues on food and in drinking water, and direct exposure from use of home
gardening products. These routes of exposure would require different methods of monitoring and
regulation to reduce their potential negative impacts on human health. While these other routes of
exposure are worth consideration, conventional commercial agriculture is a major contributor to the use
of pesticides across the country.
Concerns around the harmful effects of pesticides have been voiced by citizens and health
researchers for decades and continue to spur action by both state and federal government today. Since

2017, states such as Arkansas and Missouri have been engaged in a struggle with the U.S. Environmental
Protection Agency to implement state bans on the pesticide Dicamba (Unglesbee, 2018). In 2018, Hawaii
Senate Bill 3095 was signed into law and banned the use of pesticides containing chlorpyrifos, a
pesticide linked to a wide range of health issues, as an active ingredient (Hawaii Senate Bill 3095, 2018).
Some states have considered pesticide regulation a high priority for a much longer time. For example,
California established its own pesticide residue monitoring program in 1927 with the Chemical Spray
Residue Act and has maintained a robust program ever since (California Department of Pesticide
Regulation, 2017).
Within the last two years, states have continued to take action to limit pesticide exposure, both
within and outside of agricultural production. Bills in Arizona and Delaware have been introduced to
limit the usage of pesticides in agriculture (Arizona Senate Bill 1289, 2020) (Delaware House Bill 110,
2019), while bills in California and Iowa have targeted landscape management and food procurement in
schools to avoid other methods of exposure to these chemicals (California Assembly Bill 468, 2019)
(Iowa House Bill 183, 2019). A Hawaii bill has even taken these efforts a step further by aiming to limit
application of pesticides not only on school property, but within a certain distance of schools during
normal hours (Hawaii House Bill 872, 2019).
The federal government also plays a crucial part in monitoring pesticide use and potential
secondary exposure to consumers. The United States Department of Agriculture (USDA) has operated
the Pesticide Data Program since 1991, which tests commodities across the United States food supply
chain for pesticide residues and issues annual summary reports. The program monitors actual levels of
exposure in the food supply chain, and informs assessments conducted by the US Environmental
Protection Agency (EPA) around human health and chemical exposure (United States Department of
Agriculture).

Organic agricultural production, which avoids chemical pesticides and incorporates more
conservation-based farming methods, has grown in popularity in the past few decades. This growth led
to the establishment of the primary organic regulatory body in the United States in 2002, the National
Organic Program. The program, housed under the USDA, sets the national standard for organic products
and oversees the USDA Certified Organic program. USDA certified organic producers are required to
follow strict guidelines on production methods, chemical products used, and must meet very specific
requirements (USDA Agricultural Marketing Service). Proponents of organic production have long
promoted the benefits to both the environment and public health, but there is little research to show
that organic foods are actually healthier than non-organic because of a reduction in pesticide exposure.
Despite this lack of scientific evidence, many consumers still believe that eating organic is better for
their health (Harvard Health Publishing, 2015).
Research supports the links between pesticides and select health outcomes; however,
agricultural policies that cover production often remain siloed away from conversations about public
health. Public health is not a main consideration of the USDA Certified Organic Program. Within USDA
regulations, organic agriculture is described as “the application of a set of cultural, biological, and
mechanical practices that support the cycling of on-farm resources, promote ecological balance, and
conserve biodiversity” (USDA Agricultural Marketing Service, 2015). The disconnect between the goals
of the USDA organic program and its perceived benefits to public health suggests the need for further
evaluation of any potential positive externalities of these regulatory measures. This study aims to
evaluate the impact of the USDA Certified Organic program on public health for select health outcomes
and explore whether current agricultural policies are sufficient solutions for public health concerns.

Literature Review
Pesticide Exposure
The National Institute for Occupational Safety and Health (NIOSH), housed within the Centers
for Disease Control and Prevention, operates a pesticide surveillance program that monitors trends in
acute pesticide-related illness and injury that occur through occupational exposure. NIOSH captures
data on these illnesses and injuries and publishes a number of resources, including incidence rates per
state, peer-reviewed articles on trends, and the Sentinel Notification System for Occupational Risk
program, which builds the capacity of state health departments to monitor state-level acute poisoning
rates (The National Institute for Occupational Safety and Health, 2017).
A number of trends highlighted by the NIOSH program and other research institutions show
cause for concern. A study by the American Chemical Society found that since phasing out of
organophosphates was mandates by the Federal Government, the potential for human exposure to
common pyrethroids, pyrethroid metabolites, and chlorpyrifos has increased (Trunnelle, et al., 2014).
Pyrethrins and pyrethroids are among the most common pesticides found for home use, and a study
published in the American Journal of Industrial Medicine in 2014 showed that the rate of acute illnesses
and injuries related to these chemicals was increasing (Hudson, et al., 2014). A study of acute illnesses
related to paraquat and diquat, two of the most commonly used herbicides in the world, showed that
while incidence rates were not increasing, there were several fatalities resulting from exposure,
warranting concern even without a rise in cases (Fortenberry, et al., 2016).
While direct exposure to pesticide is largely a hazard of working in agriculture, it is possible for
others to be exposed as well. Consumers using domestic pesticide products for home gardening and
lawn care could easily be exposed to some of these chemicals through improper use or a lack of
personal protective equipment when applying the pesticides. Individuals who work or live near large

agricultural operations can also be at risk for direct exposure due to pesticide drift. While drift can be
limited to spray droplets from application, it can also include pesticide vapors and smaller droplets that
travel via wind. Certain practices are recommended to reduce pesticide drift, including using specific
settings on applicator nozzles and leaving buffer zones between areas that are treated and other areas,
such as organic crops, livestock areas, or residential areas (National Pesticide Information Center, 2017).
However, these recommendations are not always legally mandated, and some farmers may not adhere
to them.

Agricultural Policy and Public Health
Despite the clear links between agriculture and health, many agricultural policies continued to
be developed without much consideration of health outcomes. The United States Farm Bill is a broad
piece of legislation that encompasses much of the country’s farm and food policy. Because its vast
contents include policies that substantially impact human health, such as pesticide regulation,
academics and advocates have long called for greater input from public health experts in Farm Bill
development. A 2009 article published in the Journal of Hunger & Environmental Nutrition examined the
Farm Bill and outlined how agricultural policy influences major public health concerns such as obesity,
food safety, and environmental health impacts including exposure to pesticides (Jackson, et al., 2009).
The American Public Health Association has monitored each round of the Farm Bill over the last decade
and has issued publications and joined campaigns linking the policies to important public health issues
(American Public Health Association, 2020). A 2018 report by international nonprofit Health Care
Without Harm further broke down how a wide rage of agricultural policies in the United States overlook
public health considerations (Health Care Without Harm, 2018). While numerous experts promote
greater collaboration between agriculture policy makers and public health officials, there is little to no
evidence that this idea is gaining traction at the federal level.

Health Outcomes
Non-Hodgkin’s Lymphoma and Leukemia
Two health outcomes that have been considered when evaluating pesticides and human health
are Non-Hodgkin’s Lymphoma and Leukemia. Non-Hodgkin’s Lymphoma is a type of cancer that starts in
white blood cells and spreads through the body’s lymphatic system (American Cancer Society, 2018),
while leukemia is a cancer that starts in early blood-forming cells across blood cell types (American
Cancer Society).
The idea that pesticide chemicals are human carcinogens is not a new one. Health researchers
have studied the effects of specific chemicals on incidence rates of various cancers, including leukemia
and Non-Hodgkin’s Lymphoma since the early 2000s (Ji, et al., 2001) (Beane Freeman, et al., 2005) (Van
Maele-Fabry, Duhayon, & Lison, 2007). The Lymphoma Foundation of America even published a report
and scientific literature review in 2001 titled, “Do Pesticides Cause Lymphoma?” as an effort to educate
the public on the risks of pesticide exposure (Osburn, 2001). More recently, studies have found
statistically significant associations between Non-Hodgkin’s Lymphoma and commonly used pesticides
including lindane and DDT (Alavanja, et al., 2014), terbufos (Bonner, et al., 2010), and glyphosate
(Zhang, Rana, Shaffer, Taioli, & Sheppard, 2019). Even stronger evidence exists for the connection
between pesticides and leukemia. According to an article published in the International Journal of
Molecular Sciences, there has been sustained epidemiological evidence of exposure to pesticides and a
risk of pediatric leukemia (Hernandez & Menendez, 2017). Positive associations with childhood leukemia
have also been identified for exposure to both domestic pesticides (Van Maele-Fabry, Gamet-Payrastre,
& Lison, 2019) and commercial herbicides (Chen, Chang, & Lu, 2015).

Depression
Evidence linking pesticides to neuropsychiatric disorders and depression is also widely found. A
study published in Environmental Health Perspectives examined exposure to certain pesticides and
diagnoses of depression among a group of male pesticide applicators and found that several herbicides
and insecticides were positively associated with depression (Beard, et al., 2014). A separate study,
examining active and retired agricultural workers in France, also found an association between
pesticides and depression (Weisskopf, Moisan, Tzourio, Rathouz, & Elbaz, 2013). Other studies have
looked at more specific outcomes. A study of banana workers in Costa Rica showed that workers who
were exposed to certain pesticides reported significantly more symptoms than workers who were not
exposed, including depression, anxiety, and suicidal thoughts (Wesseling, et al., 2010). Another study
even attempted to focus on the method of exposure. Teenagers (11-17 years old) living near flower
production areas in Ecuador were found to have a higher risk of depression, especially females (SuarezLopez, et al., 2019).

Asthma
While application of sprayed pesticides logically leads to episodic coughing for applicators while
at work, multiple studies have shown that pesticide exposure has longer lasting effects on human
respiratory systems. Male farmers in North Carolina and Iowa were assessed for allergic and non-allergic
wheeze and use of specific pesticides, and the results implicated that a number of these pesticides had
adverse respiratory effects (Hoppin, et al., 2017). A study on the effect of exposure to organophosphate
pesticides on children found that youth who were exposed to these chemicals early in life tended to
have asthma-like respiratory symptoms (Raanan, et al., 2015). Studies focusing on farm workers have
yielded similar results. Grain farmers in Alberta, Canada were found to have higher rates of self-reported
asthma when exposed to pesticides (Cherry, Beach, Senthilselvan, & Burstyn, 2018) and family farmers
in Brazil presented spirometry impairments when exposed to pesticides (Buralli, et al., 2018).

Research Design
Organic agricultural production inherently excludes a large number of potentially harmful
pesticides. Based on the extensive literature linking this evaluation’s selected health outcomes to
pesticide exposure, adopting policies that promote organic production may be one way to lower rates of
poor health outcomes in the United States. The hypothesis for this analysis is that the existing growth of
organic agriculture over the past decade is correlated (either positively or negatively) with incidence
rates of these select health outcomes.
To determine the effect of organic production on each health outcome, four separate models
were created so each health outcome (Non-Hodgkin’s lymphoma, leukemia, depression, and asthma)
could be tested independently. Additionally, each health outcome was put into two models with two
separate measures of organic farming, number of organic farms per state and acreage of organic
production per state, for a total of 8 regression models. This was done to explore and account for the
potential differences between organic production between states. For example, Virginia had a higher
number of organic farms in 2017 than Montana. However, Virginia is a much smaller state and has a
large amount of hilly terrain when compared to Montana, which is large and partially located within the
Great Plains. While Virginia has more farms, Montana’s farms might be much larger. To further control
for the difference in production between states, two additional variables were generated and included
in the models as independent variables: percentage of organic production (organic acreage/total
production acreage) and percentage of organic farms (organic farms/total farms). These variables take
into account the difference in population between different states. For example, Nebraska has a high
level of agricultural output but has a much lower population than other agriculture heavy states, like
California. Cross-sectional time-series regression was used to analyze the data for this project, with

random effects reported. The decision to run random effects regressions was made by running a
Hausman test on each of the models to determine if fixed or random effects were more appropriate.

Data
For this analysis, data from all fifty states from 2011 through 2017 was obtained from eight
agencies within the federal government. While community-level data could have provided a more
accurate depiction of health outcome incidence rates and a more thorough view of how the rates are
impacted by proximity to agricultural production, a state-level analysis is still useful when evaluating the
potential need for agricultural policy interventions, as many policies and programs that affect producers
are managed at the state level. Missing observations across variables were assumed random. Each
variable, as well as the source used to obtain the data, is detailed in Appendix I. Descriptive statistics or
each variable can be found in Appendix II

Models
Regression models were designed with the health outcome incidence rates as the dependent
variable and either Percent Organic Farms (Number of Organic Farms per State/Number of Total Farms
per State) or Percent Organic Acreage (Organic Acreage per State/Total Production Acreage per State)
per person as the main independent variable. Each model controlled for demographic information
including state gross domestic product (GDP), farm-related GDP as a percentage of total state GDP, total
state population, median household income, number of owner-occupied housing units per state, age1,
race, and estimated number of undocumented immigrants per state. State Gini coefficients were also
included in each model to account for potential economic inequality. Both models were run for each
health outcome covered in this paper. These models show how changes in organic production across

The models for Depression and Asthma did not include age as a control variable due to the fact that the data for
these health outcomes is broken into age cohorts and inclusion of age as a control variable would lead to issues
with collinearity.

1

states over time compare with incidence rates for the selected health outcomes and determine if there
is a statistically significant correlation between them to evaluate the impact of certified organic
production on health outcomes in each state.
It is important to note that this analysis only considers certified organic production within the
United States, and thus does not account for pesticide residues in or on food products imported from
other countries. The USDA Pesticide Data Program does test for pesticide residues on commodities
imported into the country and has found pesticide residues on imported foods in the past (United States
Department of Agriculture). Imported food products are under the jurisdiction of the Food and Drug
Administration, making this issue outside the scope of this project. This analysis is not intended to
provide definitive explanations for incidence rates of health outcomes, but to determine if the USDA
certified organic program is an effective tool for improving public health.

Results & Analysis
This analysis confirmed that all four health outcomes examined were significantly correlated
with a change in certified organic production in some way. According to the analysis, incidence of both
Non-Hodgkin Lymphoma and leukemia were found to decrease with more acres of certified organic
production. Incidence of depressive episodes across certain age groups was found to decrease with
more acres of certified organic production while incidence of depressive episodes among those 18 to 25
years old was found to increase with more certified organic farms. Asthma across almost all age groups
was found to increase with more certified organic production with the exception of those age 8 to 24
and 45 to 54, where incidence decreases with more acres of certified organic production. The results
indicate that the USDA certified organic program may be an effective tool for lowering incidence rates of
some health outcomes that are linked to pesticide exposure. In contrast, the results for asthma show
that the program may actually be correlated with increased incidence, indicating that there is need for

further research on the impact of organic production on this health outcome. It is important to note
here however, that this analysis does not control for all factors that could influence asthma incidence
rates, such as cigarette smoking rates, air pollution from other sources, and other environmental
factors.

Non-Hodgkin Lymphoma
According to the analysis, incidence of Non-Hodgkin lymphoma is estimated to decrease by just
over 86 cases per 100,000 people for every additional percentage of total production that is certified
organic, all else constant. Both models did show that higher state GDP per capita is associated with
higher rates of Non-Hodgkin Lymphoma, with incidence increasing by more than 600 cases per 100,000
people for every additional percentage of total production that is certified organic. Both models also
estimated that lower incidence rates were associated with states where Farm GDP is a larger percentage
of total. The models show interesting links between certain age and racial categories and incidence
rates. According to both models, having higher populations of certain age groups is correlated with
lower rates of leukemia, while higher populations of other age groups are associated with higher
incidence rates. Higher populations of American Indian and Alaskan Native, and certain biracial residents
are correlated with higher incidence rates for Non-Hodgkin Lymphoma in both models. However, higher
populations of residents who identify as “Some Other Race” on the US Census American Community
Survey are associated with decreased Non-Hodgkin Lymphoma incidence, though only by the small
magnitude of 0.000152-0.000163 cases per 100,000 people for every additional percentage of organic
production. The complete results for each model can be found in Appendix III, Table 1.
As the risk of being diagnosed with Non-Hodgkin Lymphoma increases with age (Cancer
Treatment Centers of America, 2020), the reason for the results across age groups in this analysis is
unclear and provides room for further research. Positive correlations between incidence rates and

minority racial categories is noteworthy, as lower-income communities, both rural and urban, often
have a higher proportion of minority residents, and these areas often lack access to fresh, high quality
foods. Poor access to health care services and a lack of knowledge around good preventative care
practices could apply to these populations as well. The results that higher populations of residents who
identify as “Some Other Race” are associated with decreased Non-Hodgkin Lymphoma incidence is
interesting, but since this racial category is ambiguous it would be difficult to examine further using data
from the American Community Survey. These results are also noteworthy as they do not align with
current medical knowledge of Non-Hodgkin Lymphoma- while overall incidence rates are more common
among Caucasians (Cancer Treatment Centers of America, 2020) (American Cancer Society, 2020) than
other races, the full disparities linked to race and ethnicity for Non-Hodgkin Lymphoma are not fully
understood yet by the health research community.
Overall, these results indicate that increasing certified organic farming is correlated with
reduced incidence rates of Non-Hodgkin Lymphoma.

Leukemia
According to the analysis, incidence of leukemia is estimated to decrease by just over 77 cases
per 100,000 people for every additional percentage of total production that is certified organic, all else
constant. The models also illustrated a number of other factors that correlate to Leukemia incidence.
According to both models, higher state GDP per capita is correlated with higher rates of leukemia while
higher Farm GDP and a greater number of homeowners are correlated with lower incidence rates. The
analysis also highlighted correlation between leukemia rates and certain demographic populations. In
both models, higher populations of certain biracial residents across states are correlated with higher
leukemia rates, but higher populations of white, Black, and Asian residents as well as residents who
identify as “Some Other Race” on the US Census American Community Survey are associated with lower

rates. Of these, “Some Other Race” was correlated with the greatest decrease of 1.36e-04 – 1.42e-04
cases per 100,000 people for each additional percentage of organic production. While this result was
statistically significant, the magnitude of this potential effect is quite small. Results regarding the effect
of different age cohorts on incidence were mixed. According to both models, having higher populations
of certain age groups is correlated with lower rates of leukemia, while higher populations of other age
groups are associated with higher incidence rates. Complete results for both models can be found in
Appendix III, Table 2.
Correlation with state GDP is intriguing, as states with higher GDP could house other industries
that create byproducts that are harmful to human health, and the data used for this analysis would not
capture that. The association between Farm GDP and incidence rates is also interesting, and further
analysis that includes a breakdown of the financial contribution of certified organic farms to overall
state Farm GDP could shed more light on this correlation. The relationships between racial and age
categories and incidence rate in this analysis are interesting but unclear, as race and age are not
considered significant risk factors for leukemia.
Overall these results indicate that, similarly to Non-Hodgkin Lymphoma, increasing certified
organic production may be an effective way of reducing leukemia incidence.

Depression
According to the analysis, incidence of major depressive episodes is estimated to decrease by
roughly 1.7 to 6.8 cases across age groups for every additional percentage of total production that is
certified organic, all else constant. However, the analysis also shows that incidence of major depressive
episodes among individuals age 18 to 25 years is estimated to increase for every additional percentage
of total farms that are certified organic. Model 1 shows that higher GDP is correlated with higher rates
of depressive episodes among individuals age 26 and over. Model 2 indicates that higher Farm GDP is

associated with lower incidence of depressive episodes across all age groups, with incidence of major
depressive episodes decreasing by between 230-1,220 cases for every additional percentage of
production acreage that is certified organic depending on the age group. Model 2 also shows that a
higher proportion of homeowners is correlated with lower incidence of depressive episodes among
those age 12 to 17 years. Both models show that higher total population is associated with higher
incidence rates across all age groups, except those age 26 and over, where a significant impact was only
reported from Model 2. In Model 2, higher populations of undocumented immigrants were correlated
with increased incidence rates among individuals age 12 to 25. Higher populations of white, Black,
American Indian and Alaska Native, Asian, Native Hawaiian and Pacific Islander, and certain biracial
residents were associated with lower depression incidence rates among certain age groups. Higher
populations of residents who identify as “Some Other Race” on the US Census American Community
Survey are correlated with higher incidence rates among those age 18 and up in Model 2, but were
correlated with lower incidence rates among those age 18 to 25 in Model 1. Across age cohorts, both
models had r-squared values between 0.481 and 0.683, indicating that the models accounted for
roughly half of the variance of incidence rates around the means for each age cohort. This is certainly
better than a lower r-squared value, but it is possible that models other than OLS regression could yield
more accurate results. Complete results for both models can be found in Appendix III, Table 3.
Overall, these results indicate that increasing the amount of acreage for certified organic
production could be an effective method of lowering incidence of major depressive episodes across age
cohorts. The relationship between home ownership and depressive episodes among those age 12 to 17
years is interesting, as individuals in this age group generally are not homeowners. It could be that the
number of homeowners in this case is serving as a proxy for stable home environments for adolescents,
which aligns with common beliefs around stability and mental health. The correlation between higher
numbers of undocumented immigrants and higher incidence rates is also noteworthy, as these

populations often lack consistent access to quality health care, including mental health care. Positive
correlation between the number of certified organic farms in and the incidence rate of depressive
episodes among individuals age 18 to 25 is unexpected, as there isn’t scientific or logical evidence that
organic agriculture could lead to increased incidence of depression. It may be that the chemicals used by
organic operations may still pose significant risk to human health. It may also be that there are other
confounding variables that weren’t accounted for in this analysis. This particular result indicates that, in
this case, increasing organic production could actually lead to worse health outcomes. Due to the lack of
scientific or logical support for this result, this may be a good area for further study.

Asthma
According to this analysis, asthma diagnoses are estimated to increase by 11-81% across certain
age cohorts for every additional percentage of total farms that is certified organic, and by 45-48% in
individuals age 0-4 and 10-14 for every additional percentage of total ag production that is certified
organic, all else constant. In contrast, diagnoses are estimated to decrease by 0.7% among those age 1824 and by 0.2% among those age 45-54 for every additional percentage of production acreage that is
certified organic, all else constant. In Model 2, GDP per capita was positively correlated with asthma
diagnoses among those age 10-14 but negatively correlated with diagnoses among those age 35-44 and
65 and older. In both models, higher Farm GDP was associated with lower diagnoses across almost every
age cohort. Higher total state population was positively correlated with diagnoses across multiple age
cohorts in both models, though only to the small magnitude of 6.13e-06 – 3.2e-05% for each additional
percentage of total production that is certified organic. Both models show that median household
income is correlated with increased diagnoses for those ages 15-17, but Model 1 showed a negative
correlation with diagnoses of those age 45-54 and Model 2 showed the same relationship with
diagnoses of those age 10-14. A higher Gini coefficient was also positively correlated with diagnoses
across various age cohorts in both models, meaning that states with greater income inequality are more

likely to have increased asthma diagnoses across multiple age cohorts. Across the models, a higher Gini
coefficient correlated to an increase in diagnoses of 0.20 – 0.76% for every additional percentage of
total production that is certified organic. Higher populations of undocumented immigrants had a mixed
relationship with asthma diagnoses, being correlated with increased diagnoses across 5 age cohorts in
one or both models and with decreased diagnoses for two age cohorts in both models. The models also
show negative correlation between asthma diagnoses among certain age groups and higher populations
of races including white, Black, American Indian and Alaska Native, Asian, and “Some Other Race.”
Higher populations of Native Hawaiian and Pacific Islanders as well as certain biracial residents had
mixed results, being linked to both higher and lower rates of diagnoses across age groups in both
models.
Across age cohorts and in both models, r-squared values were relatively low, ranging from 0.177
to 0.502. This means that the models used generally accounted for less than half of the variance in
diagnoses. While this does not negate the statistical significance found by the analysis, further testing
using other models could provide more information. Utilizing methods besides OLS regression in further
studies is recommended, particularly for the age cohorts 18-25 and 25-34, as the r-squared values were
much lower for both models in this group. Complete results for both models can be found in Appendix
III, Table 4.
The negative correlation between acreage of certified organic production and asthma diagnoses
among those age 18-24 and 45-54 is in line with the literature that links asthma to pesticide exposure.
While these coefficients seem high, states would see much lower increases in certified organic
production than are calculated in this analysis. Thus, states would also see a decrease in asthma
diagnoses of a much smaller magnitude. These results indicate that a growth in certified organic
production may be an effective way to reduce diagnoses of asthma among these age groups. Positive
correlation between an increase in certified organic production in and the incidence rate of asthma

among other age groups is unexpected since, as in the case of depression, there isn’t scientific or logical
evidence that organic agriculture could lead to increased incidence of depression. As noted before, it
may be that chemicals used by organic operations may still pose significant risk to human health or that
there are other confounding variables that weren’t accounted for in this analysis. In this case, increasing
organic production could actually lead to worse health outcomes.
While a number of the variables included in the analysis had mixed results as far as their impact
on asthma diagnoses, some had results that were more consistent. The correlation between higher state
population and increased diagnoses is intriguing and could be a result of other variables that impact air
quality in communities that are affected by population size, such as carbon emissions and other air
pollution. Negative correlation between high populations of certain races and the number of diagnoses
is not particularly noteworthy, but does generally fit with demographic trends in asthma prevalence in
the United States (National Center for Health Statistics, 2012).
Overall, these results do not paint a clear picture on possible correlation between the certified
organic program and diagnoses of asthma across any age group. These mixed results indicate that this
could be a good area for future study.

Conclusion
Across all of the models run in this study, all four health outcomes examined were significantly
correlated with change in certified organic production in some way. Overall, the results indicate that the
USDA certified organic program can have a significant effect on the incidence rates of health problems
associated with pesticide exposure, and thus may be an effective tool for lowering incidence rates of
these health outcomes. This significant impact underscores the importance of considering public health

concerns when developing agricultural policy, as benefits have been found from a program that was not
intended to affect public health in this way.
This study aims to take a wide look at certified organic production and health outcome patterns
across the United States. While this level of data can be useful in providing a general assessment of the
USDA certified organic program’s efficacy in addressing these selected health outcomes, as well as
directing further research, it is limited in how much can be said on the impact of production choices on
community health. State aggregated data does not account for the potential differences between rural
and urban communities, where pesticide exposure from agricultural production would be very different.
While this study was limited in scope by what data is publicly available through the USDA and EPA,
community-level studies to monitor health outcomes and actual pesticide use would present a much
clearer picture of how much nearby agricultural production affects the health of residents. However, the
results of this analysis show that for the selected health outcomes, the USDA certified organic program
is having a positive effect on public health. Given extensive literature that links pesticide exposure to a
number of other health outcomes, continued study of this program is recommended to determine how
the program could further improve public health.

Appendix I – Data Sources
Table 1: Variables Used for Regression Analysis and Corresponding Data Sources

Variable
Number of organic farms per state
Acreage of organic production per state
Incidence rate of Non-Hodgkin Lymphoma
(per 100,000 people)

Data Source
USDA National Agricultural Statistics Service
USDA National Agricultural Statistics Service
Centers for Disease Control and Prevention - National
Environmental Public Health Tracking

Incidence rate of Leukemia (per 100,000
people)

Centers for Disease Control and Prevention - National
Environmental Public Health Tracking

Estimated Number of Major Depressive
Episodes in the Past Year (in thousands)

US Department of Health & Human Services Substance Abuse and Mental Health Services
Administration
Centers for Disease Control and Prevention - National
Environmental Public Health Tracking
US Bureau of Economic Analysis
US Bureau of Economic Analysis

Percent ever diagnosed with Asthma
State GPD (in millions of dollars)
Farm-related GDP (as a percentage of total
state GDP)
Total State Population
Median Household Income
Number of owner-occupied housing units per
state
Age
Race
Estimated Number of Undocumented
Immigrants by State

US Census - American Community Survey
US Census - American Community Survey
US Census - American Community Survey
US Census - American Community Survey
US Census - American Community Survey
US Census - American Community Survey

Appendix II – Variable Summary Statistics
Dependent Variables – Health Outcomes
Variable

Observations

Mean

Min

Max

79.67153

Standard
Deviation
35.40051

Non-Hodgkin Lymphoma Incidence
per 100,000 people
Leukemia Incidence per 100,000
people
Incidence of Major Depressive
Episodes in the Past Year, Age 12-17
Incidence of Major Depressive
Episodes in the Past Year, Age 18-25
Incidence of Major Depressive
Episodes in the Past Year, Age 26+

288

29.4

175.1

288

53.95174

22.95762

18.5

119.3

196

49.56872

64.71508

5

401

198

58.41813

77.83976

7

568

200

199.4239

257.426

5.23

1365

Percent Age 0 to 4 Ever Diagnosed
with Asthma
Percent Age 5 to 9 Ever Diagnosed
with Asthma
Percent Age 10 to 14 Ever Diagnosed
with Asthma
Percent Age 15 to 17Ever Diagnosed
with Asthma
Percent Age 18 to 24 Ever Diagnosed
with Asthma
Percent Age 25 to 34 Ever Diagnosed
with Asthma
Percent Age 35 to 44 Ever Diagnosed
with Asthma
Percent Age 45 to 54Ever Diagnosed
with Asthma
Percent Age 55 to 64 Ever Diagnosed
with Asthma
Percent Age 65 or Older Ever
Diagnosed with Asthma

115

.0729826

.028676

.018

.221

173

.1723642

.0327727

.107

.273

173

.1767225

.0349176

.099

.318

173

.1379364

.037278

.059

.274

299

.1843411

.0350476

.084

.302

300

.1510267

.026731

.093

.228

300

.1345867

.0229396

.078

.201

300

.12959

.020904

.067

.199

300

.1312333

.0178126

.085

.191

300

.11514

.0140341

.082

.153

Independent Variables – Measures of Organic Farming
Variable

Observations

Mean

Min

Max

0.010241

Standard
Deviation
0.015044

Percent Organic Farms (Number
of Organic Farms per
State/Number of Total Farms per
State)
Percent Organic Acreage (Organic
Acreage per State/Total
Production Acreage per State)

250

0.000082

0.099736

188

0.032084

0.272817

2.86E-06

3.732811

Control Variables – Demographic Information
Variable

Observations

Mean

State GDP per Capita
Farm GDP as a Percent of total
State GDP
State Total Population
Median Household Income
Number of Owner-occupied
Housing Units
Est. Population Under 5
Est. Population Age 5 to 9
Est. Population Age 10 to 14
Est. Population Age 15 to 19
Est. Population Age 20 to 24
Est. Population Age 25 to 29
Est. Population Age 30 to 34
Est. Population Age 35 to 39
Est. Population Age 40 to 44
Est. Population Age 45 to 49
Est. Population Age 50 to 54
Est. Population Age 55 to 59
Est. Population Age 60 to 64
Est. Population Age 65 to 69
Est. Population Age 70 to 74
Est. Population Age 75 to 79
Est. Population Age 80 to 84
Est. Population Age 85 and Older
Est. Population White
Est. Population Black

350
350

Est. Population American Indian
and Alaska Native
Est. Population Asian
Est. Population Native Hawaiian
and Other Pacific Islander

Min

Max

0.053255
0.014623

Standard
Deviation
0.01066
0.019686

0.032594
0.0003

0.083055
0.1153

350
350
350

6265806
54.40367
1502529

6944447
9.012155
1443522

554697
38.718
154888

3.90E+07
78.916
7055642

350
350
350
350
350
350
350
350
350
350
350
350
350
350
350
350
350
350
350
350
350

399132.4
407480.4
412929.2
430741.8
443106.8
429714.9
413971.5
400238.8
416122.7
434295.1
445208.4
409120.3
356417.1
277733.7
204364.1
153124.6
115624.7
115420.2
4623157
784330.5
51207.43

458562.3
461449
466612.4
487521.3
506188.5
504730.9
480627
463366.7
473542.3
481603.7
480269.5
430875.1
371220.5
292097.7
215580.3
163528.7
124044.4
127030.7
4696179
928009.3
69420.05

29829
33012
34463
36730.83
40492.88
34372.69
34372.69
33281.82
33836.52
32689
38231
40492.88
30508.34
20320.39
13313.36
8408.436
6306.327
4204.218
335908
4038
1802

2550875
2551178
2587844
2809659
2920031
2989780
2833092
2609639
2636143
2661783
2651081
2453244
2143851
1722390
1224419
872609
636919
695775.7
2.37E+07
3286950
300182

350
350

314787.4
10718.95

750542.9
28017.89

3985
130

5503672
152027

Variable

Observations

Mean

Min

Max

301192.5
180411.7

Standard
Deviation
760238.2
252733.1

Est. Population Some Other Race
Est. Population Two or More
Races
Est. Population Two Races
including Some Other Race
Est. Population Two Races
excluding Some Other Race, and
Three or More Races
Est. Population of Undocumented
Immigrants
Gini Coefficient

350
350

1744
10965

5329952
1834714

350

9.36496

1.388206

6.035481

12.89899

350

11.38857

1.051834

9.241742

14.17661

350

1941.901

2321.367

27.2397

13216.49

350

0.461957

0.019628

0.4081

0.5157

Appendix III – Regression Results Table 1: Comparison of the effects of organic agriculture on Non-

Hodgkin Lymphoma Incidence Rate in Models 1 and 2
VARIABLES
Percent Organic Farms
Percent Organic Acreage
State GDP per Capita
Farm GDP as a Percent of State GDP
State total Population
Median Household Income
Number of Owner-occupied Housing Units
Est. Population Under 5
Est. Population Age 5 to 9
Est. Population Age 10 to 14
Est. Population Age 15 to 19
Est. Population Age 20 to 24
Est. Population Age 25 to 29
Est. Population Age 30 to 34
Est. Population Age 35 to 39
Est. Population Age 40 to 44
Est. Population Age 45 to 49
Est. Population Age 50 to 54
Est. Population Age 55 to 59
Est. Population Age 60 to 64
Est. Population Age 65 to 69
Est. Population Age 70 to 74
Est. Population Age 75 to 79

Model 1
Percent Organic
Farms
-44.36
(49.87)
636.0***
(148.0)
-313.7**
(122.5)
-5.64e-05
(0.000144)
-0.374
(0.450)
3.47e-06
(2.09e-05)
0.000434***
(0.000164)
-0.000388
(0.000269)
0.000266*
(0.000159)
0.000294
(0.000340)
-0.000166*
(9.74e-05)
-0.000492***
(9.83e-05)
0.000681**
(0.000320)
0.000176
(0.000266)
-0.000423***
(8.46e-05)
0.000734***
(0.000232)
-8.94e-05
(9.08e-05)
-5.44e-05
(0.000211)
-3.29e-05
(0.000224)
0.000596**
(0.000300)
-0.000120
(0.000247)
-0.000770***

Model 2
Percent Organic
Acreage
-86.73**
(41.42)
671.9***
(255.5)
-342.7**
(141.9)
-4.73e-05
(0.000134)
-0.464
(0.531)
1.34e-06
(2.14e-05)
0.000438**
(0.000182)
-0.000399
(0.000269)
0.000314***
(0.000121)
0.000304
(0.000353)
-0.000193
(0.000126)
-0.000453***
(0.000130)
0.000647**
(0.000289)
0.000142
(0.000261)
-0.000415***
(9.78e-05)
0.000759***
(0.000237)
-0.000140
(8.50e-05)
-5.09e-05
(0.000196)
3.92e-07
(0.000286)
0.000640**
(0.000306)
-0.000218
(0.000195)
-0.000696***

VARIABLES
Est. Population Age 85 and Older
Est. Population White
Est. Population Black
Est. Population American Indian and Alaska Native
Est. Population Asian
Est. Population Native Hawaiian and Pacific Islander
Est. Population Some Other Race
Est. Population Two or More Races

Model 1
Percent Organic
Farms
(0.000627)
0.000356
(0.000331)
-2.54e-05
(3.93e-05)
-1.49e-05
(3.79e-05)
0.000125*
(6.52e-05)
1.43e-05
(5.92e-05)
-5.60e-05
(0.000100)
-0.000152***
(5.08e-05)
-

Model 2
Percent Organic
Acreage
(0.000587)
0.000436
(0.000320)
-3.50e-05
(3.17e-05)
-2.34e-05
(2.95e-05)
0.000109*
(5.66e-05)
2.15e-06
(5.46e-05)
-4.10e-05
(6.07e-05)
-0.000163***
(5.12e-05)
-

0.00102*
(0.000547)
-

0.00105*
(0.000593)
-

0.00172
(0.00401)
77.98
(149.8)
2.193
(89.17)
192
4
0.80442

0.00150
(0.00418)
34.19
(160.5)
26.56
(95.46)
182
4
0.80137

Est. Population Two Races including Some Other Race
Est. Population Two Races excluding Some Other Race, and Three
or More Races
Est. Population of Undocumented Immigrants
Gini Coefficient
Constant
Observations
Number of years
R-squared
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 2: Comparison of the effects of organic agriculture on Leukemia Incidence Rate in Models 1 and 2

VARIABLES
Percent Organic Farms
Percent Organic Acreage
State GDP per Capita
Farm GDP as a Percent of State GDP
State total Population
Median Household Income
Number of Owner-occupied Housing Units
Est. Population Under 5
Est. Population Age 5 to 9
Est. Population Age 10 to 14
Est. Population Age 15 to 19
Est. Population Age 20 to 24
Est. Population Age 25 to 29
Est. Population Age 30 to 34
Est. Population Age 35 to 39
Est. Population Age 40 to 44
Est. Population Age 45 to 49
Est. Population Age 50 to 54
Est. Population Age 55 to 59
Est. Population Age 60 to 64
Est. Population Age 65 to 69
Est. Population Age 70 to 74

Model 1
Percent Organic Farms
-25.01
(46.27)
304.8***
(114.7)
-83.24*
(44.73)
4.12e-05
(6.58e-05)
-0.543
(0.401)
-3.86e-05***
(3.72e-06)
0.000305***
(5.20e-05)
-0.000260*
(0.000144)
0.000226
(0.000168)
-5.21e-05
(0.000186)
-0.000106
(7.35e-05)
-0.000452***
(0.000132)
0.000404***
(0.000138)
0.000173
(0.000276)
-0.000365***
(0.000119)
0.000716***
(0.000152)
-0.000104
(0.000221)
4.19e-05
(0.000241)
-0.000199**
(8.47e-05)
0.000465**
(0.000229)
-0.000206
(0.000181)

Model 2
Percent Organic Acreage
-77.58*
(41.85)
458.4**
(186.7)
-131.8*
(78.93)
4.83e-05
(6.45e-05)
-0.708
(0.489)
-3.96e-05***
(3.69e-06)
0.000305***
(6.48e-05)
-0.000261*
(0.000141)
0.000251*
(0.000148)
-3.70e-05
(0.000202)
-0.000133**
(6.57e-05)
-0.000438***
(0.000165)
0.000393**
(0.000158)
0.000135
(0.000266)
-0.000368***
(0.000119)
0.000738***
(0.000148)
-0.000133
(0.000223)
3.35e-05
(0.000236)
-0.000181**
(7.51e-05)
0.000504**
(0.000241)
-0.000279*
(0.000155)

Model 1
Percent Organic Farms

VARIABLES
Est. Population Age 80 to 84
Est. Population Age 85 and Older
Est. Population White
Est. Population Black
Est. Population American Indian and Alaska
Native
Est. Population Asian
Est. Population Native Hawaiian and Pacific
Islander
Est. Population Some Other Race
Est. Population Two or More Races
Est. Population Two Races including Some
Other Race
Est. Population Two Races excluding Some
Other Race, and Three or More Races
Est. Population of Undocumented
Immigrants
Gini Coefficient
Constant
Observations
Number of years
R-squared

-2.66e-05
(0.000399)
0.000482***
(0.000186)
-6.50e-05***
(1.24e-05)
-5.68e-05***
(1.10e-05)
1.09e-05

Model 2
Percent
Organic
Acreage
-7.39e-05
(0.000369)
0.000501***
(0.000194)
-7.11e-05***
(1.38e-05)
-6.19e-05***
(1.18e-05)
-1.66e-06

(2.55e-05)
-7.99e-05***
(2.15e-05)
7.59e-06

(2.47e-05)
-8.62e-05***
(2.41e-05)
1.28e-05

(5.83e-05)
-0.000136***
(2.80e-05)
-

(0.000121)
-0.000142***
(3.77e-05)
-

0.000561**

0.000590*

(0.000243)
-

(0.000305)
-

-0.00304

-0.00311

(0.00263)
117.1
(89.32)
-7.282
(52.63)
192
4
0.80762

(0.00271)
62.49
(112.8)
20.98
(65.73)
182
4
0.80628

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 3: Comparison of the effects of organic agriculture on Depression Incidence Rates across age cohorts in Models 1 and 2

VARIABLES
Depression Age Cohort
Percent Organic Farms
Percent Organic Acreage
State GDP per Capita
Farm GDP as a Percent of total State GDP
State total Population
Median Household Income
Number of Owner-occupied Housing Units
Est. Population White
Est. Population Black
Est. Population American Indian and Alaska
Native
Est. Population Asian
Est. Population Native Hawaiian and Pacific
Islander
Est. Population Some Other Race

Model 1
Model 2
Model 1
Model 2
Model 1
Percent Organic Percent Organic Percent Organic Percent Organic Percent Organic
Farms
Acreage
Farms
Acreage
Farms
12 to 17 years 12 to 17 years old 18 to 25 years 18 to 25 years old
26+ years old
old
old
-5.504
124.2*
287.3
(76.67)
(71.93)
(245.4)
-2.504***
-1.778***
(0.493)
(0.523)
-137.7
5.655
161.0
532.8
1,453**
(199.5)
(139.9)
(234.1)
(417.3)
(696.0)
26.94
-230.6***
1.885
-383.6***
-252.5
(98.21)
(89.21)
(136.1)
(63.86)
(335.6)
0.000325**
0.000150*
0.000431**
0.000166*
0.00108
(0.000155)
(7.68e-05)
(0.000194)
(8.69e-05)
(0.000758)
0.747
-0.429
0.712
-1.051**
0.631
(0.480)
(0.588)
(0.710)
(0.456)
(2.393)
-1.32e-05
-9.01e-05**
-1.29e-05
-6.51e-05
-4.10e-05
(1.64e-05)
(4.50e-05)
(1.78e-05)
(4.12e-05)
(5.51e-05)
-0.000315**
-0.000124
-0.000421**
-0.000149*
-0.00105
(0.000156)
(8.37e-05)
(0.000195)
(8.73e-05)
(0.000761)
-0.000322**
-0.000139*
-0.000429**
-0.000162*
-0.00103
(0.000154)
(8.04e-05)
(0.000193)
(8.53e-05)
(0.000780)
-0.000416**
-8.69e-05
-0.000565**
-0.000127
-0.00128

Model 2
Percent Organic
Acreage
26+ years old

-6.800*
(3.773)
2,418
(1,682)
-1,220***
(143.1)
0.000479*
(0.000261)
-3.688***
(0.605)
-0.000172
(0.000256)
-0.000430*
(0.000233)
-0.000410
(0.000282)
-0.000255

(0.000202)
-0.000404**
(0.000180)
-0.000682*

(0.000129)
-0.000156
(0.000123)
-0.000247**

(0.000258)
-0.000490**
(0.000243)
-0.00108**

(0.000120)
-0.000161
(0.000121)
-0.000365***

(0.00104)
-0.00117
(0.000932)
-0.00249

(0.000273)
-0.000433
(0.000289)
-0.000848

(0.000402)
-0.000140
(0.000131)

(0.000113)
0.000188**
(8.98e-05)

(0.000433)
-0.000246*
(0.000149)

(0.000121)
0.000236**
(0.000119)

(0.00197)
-0.000569
(0.000693)

(0.000662)
0.000779**
(0.000341)

VARIABLES
Depression Age Cohort
Est. Population Two or More Races
Est. Population Two Races incl. Some Other
Race
Est. Population Two Races excl. Some Other
Race, and Three+ Races
Est. Population of Undocumented
Immigrants
Gini Coefficient
Constant
Observations
Number of years
R-squared

Model 1

Model 2

Model 1

Model 2

Model 1

Model 2

Percent
Organic
Farms
12 to 17 years
old
-

Percent Organic
Acreage

Percent Organic
Farms

Percent Organic
Acreage

Percent Organic
Farms

Percent Organic
Acreage

12 to 17 years old

18 to 25 years old

26+ years old

26+ years old

-

18 to 25 years
old
-

-

-

-

-0.00225*

-0.00498**

-0.00264

-0.00591**

-0.00868

-0.0194**

(0.00133)
-

(0.00194)
-

(0.00163)
-

(0.00234)
-

(0.00529)
-

(0.00821)
-

0.000952

0.0262*

-0.000806

0.0340**

0.00337

0.0948

(0.00945)
123.3
(135.7)
-88.36
(78.90)
196
4
0.68318

(0.0137)
58.45
(117.0)
11.26
(74.81)
138
3
0.59919

(0.0123)
258.1
(168.1)
-163.1
(102.6)
198
4
0.67838

(0.0149)
109.5
(128.1)
0.599
(70.02)
139
3
0.59969

(0.0353)
1,014
(625.1)
-567.0
(390.0)
200
4
0.58509

(0.0593)
655.9
(439.9)
-167.8
(127.8)
141
3
0.48077

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Table 4: Comparison of the effects of organic agriculture on Asthma Incidence across age cohorts in Models 1 and 2

VARIABLES
Asthma Age Cohort
Percent Organic Farms
Percent Organic Acreage
State GDP per Capita
Farm GDP as a Percent of State GDP
State total Population
Median Household Income
Number of Owner-occupied Housing Units
Est. Population White
Est. Population Black
Est. Population American Indian and
Alaska Native
Est. Population Asian
Est. Population Native Hawaiian and
Pacific Islander
Est. Population Some Other Race
Est. Population Two or More Races
Est. Population Two Races incl. Some Other
Race

Model 1
Model 2
Percent Organic Percent Organic
Farms
Acreage
Age 0 to 4
0.665**
(0.327)
0.454***
(0.158)
-0.552
-0.300
(0.347)
(0.426)

Model 1
Model 2
Percent Organic Percent Organic
Farms
Acreage
Age 5 to 9
0.143
(0.0926)
0.0626
(0.0846)
-0.918
-0.683
(1.232)
(1.200)

Model 1
Model 2
Percent Organic Percent Organic
Farms
Acreage
Age 10 to 14
0.666***
(0.146)
0.481***
(0.0655)
1.364
1.614**
(0.894)
(0.751)

0.0902
(0.148)
1.52e-08
(9.43e-08)
6.43e-05
(0.000574)
5.74e-08
(5.53e-08)
-3.17e-08
(1.07e-07)
-1.34e-08
(1.01e-07)
-3.69e-08

0.11
(0.181)
4.72e-08
(9.38e-08)
0.000193
(0.000721)
6.71e-08
(6.30e-08)
-6.70e-08
(1.10e-07)
-4.61e-08
(1.03e-07)
-8.63e-08

-0.357
(0.317)
3.03e-07**
(1.46e-07)
0.00134
(0.00144)
7.88e-08
(4.81e-08)
-3.32e-07**
(1.34e-07)
-3.20e-07**
(1.43e-07)
-4.39e-07**

-0.445
(0.349)
3.15e-07**
(1.41e-07)
0.00118
(0.00150)
8.52e-08*
(4.93e-08)
-3.46e-07***
(1.29e-07)
-3.33e-07**
(1.36e-07)
-4.71e-07***

-0.401*
(0.239)
-5.05e-08
(8.04e-08)
-0.00135
(0.000839)
4.88e-08*
(2.75e-08)
3.64e-08
(8.95e-08)
4.64e-08
(8.37e-08)
1.02e-08

(1.29e-07)
-7.57e-08
(1.28e-07)
7.07e-07***

(1.36e-07)
-1.19e-07
(1.38e-07)
6.44e-07**

(1.76e-07)
-4.23e-07**
(1.68e-07)
-5.47e-07

(1.72e-07)
-4.43e-07***
(1.63e-07)
-5.08e-07

(9.19e-08)
3.78e-08
(1.04e-07)
8.65e-07***

(9.55e-08)
-4.46e-08
(1.20e-07)
6.48e-07**

(1.83e-07)
-1.08e-07
(1.39e-07)
-

(2.99e-07)
-1.48e-07
(1.61e-07)
-

(4.36e-07)
-3.75e-07**
(1.57e-07)
-

(3.12e-07)
-3.97e-07**
(1.55e-07)
-

(2.04e-07)
6.27e-08
(8.01e-08)
-

(2.69e-07)
-1.57e-08
(1.03e-07)
-

1.97e-06

1.94e-06***

2.19e-06***

-1.54e-07

(6.21e-07)

(7.40e-07)

(1.49e-07)

1.83e-06
(1.37e-06)

(1.63e-06)

-0.545***
(0.192)
1.15e-08
(9.37e-08)
-0.00141*
(0.000799)
6.10e-08
(4.11e-08)
-3.05e-08
(1.03e-07)
-1.91e-08
(9.64e-08)
-1.06e-07

2.39e-07
(5.59e-07)

VARIABLES

Asthma Age Cohort
Est. Population of Undocumented Immigrants
Gini Coefficient

Model 1

Model 2

Model 1

Percent Organic

Percent
Organic

Percent Organic

Farms

Acreage

Age 0 to 4

Farms

Model 2
Percent
Organic
Acreage

Age 5 to 9

Model 1

Model 2

Percent Organic

Percent
Organic

Farms
Age 10 to 14

-9.37e-06**

-9.89e-06*

-8.17e-06***

-8.24e-06***

9.32e-07

1.58e-07

(4.16e-06)
0.632*

(5.06e-06)
0.652*

(1.83e-06)
0.480

(1.88e-06)
0.401

(7.40e-07)
0.482**

(1.02e-06)
0.388**

Constant

(0.335)
-0.216
(0.176)

(0.374)
-0.246
(0.187)

(0.518)
-0.0759
(0.262)

(0.578)
-0.0396
(0.295)

(0.218)
-0.0482
(0.110)

Observations
Number of years
R-squared

68
4
0.50169

63
4
0.48763

110
4
0.31301

105
4
0.32120

110
4
0.38139

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

Acreage

(0.191)
-0.0101
(0.0993)
105
4
0.36268

VARIABLES
Asthma Age Cohort
Percent Organic Farms
Percent Organic Acreage
State GDP per Capita
Farm GDP as a Percent of State GDP
State total Population
Median Household Income
Number of Owner-occupied Housing Units
Est. Population White
Est. Population Black
Est. Population American Indian and

Model 1
Model 2
Model 1
Model 2
Model 1
Model 2
Percent Organic Percent Organic Percent Organic Percent Organic Percent Organic Percent Organic
Farms
Acreage
Farms
Acreage
Farms
Acreage
Age 15 to 17
Age 18 to 24
Age 25 to 34
0.158
0.500***
0.811***
(0.303)
(0.193)
(0.112)
0.0768
-0.00701**
0.00415
(0.255)
(0.00303)
(0.00253)
-1.703
-1.478
-0.232
-0.430
0.0633
0.0820
(1.201)
(1.074)
(0.566)
(0.647)
(0.324)
(0.360)
-0.550
-0.592
-0.255**
-0.376**
-0.253***
-0.433***
(0.388)
(0.442)
(0.125)
(0.167)
(0.0869)
(0.117)
2.81e-07**
3.15e-07***
7.99e-08**
7.78e-08
6.13e-08**
6.38e-08***
(1.13e-07)
(9.76e-08)
(4.04e-08)
(4.79e-08)
(2.42e-08)
(1.89e-08)
0.00192**
0.00197*
0.000398
0.000542
0.000103
-9.72e-06
(0.000975)
(0.00102)
(0.000561)
(0.000576)
(0.000583)
(0.000599)
3.73e-08
4.57e-08
2.70e-08
1.78e-08
2.05e-08
1.71e-08
(3.63e-08)
(4.00e-08)
(2.53e-08)
(2.80e-08)
(1.46e-08)
(1.68e-08)
-3.00e-07**
-3.37e-07***
-8.70e-08*
-8.33e-08
-6.83e-08***
-7.19e-08***
(1.21e-07)
(1.08e-07)
(4.59e-08)
(5.17e-08)
(2.11e-08)
(1.54e-08)
-2.71e-07**
-3.07e-07***
-9.17e-08**
-8.90e-08*
-7.83e-08***
-8.32e-08***
(1.20e-07)
(1.05e-07)
(4.52e-08)
(5.28e-08)
(2.21e-08)
(1.52e-08)
-4.67e-07**
-5.20e-07***
-1.83e-07
-1.83e-07*
-1.05e-07***
-1.48e-07***

VARIABLES
Asthma Age Cohort
Alaska Native
Est. Population Asian
Est. Population Native Hawaiian and
Pacific Islander
Est. Population Some Other Race
Est. Population Two or More Races
Est. Population Two Races incl. Some
Other Race
Est. Population Two Races excluding Some
Other Race, and Three or More Races
Est. Population of Undocumented
Immigrants
Gini Coefficient
Constant
Observations
Number of years
R-squared

Model 1
Model 2
Model 1
Model 2
Model 1
Model 2
Percent Organic Percent Organic Percent Organic Percent Organic Percent Organic Percent Organic
Farms
Acreage
Farms
Acreage
Farms
Acreage
Age 15 to 17
Age 18 to 24
Age 25 to 34
(2.26e-07)
-3.91e-07***
(1.50e-07)
-1.22e-07**

(1.94e-07)
-4.39e-07***
(1.41e-07)
-1.81e-07*

(1.16e-07)
-1.15e-07
(7.03e-08)
2.98e-07*

(1.10e-07)
-1.02e-07
(7.55e-08)
1.53e-07

(3.71e-08)
-9.63e-08***
(2.91e-08)
-8.67e-09

(2.14e-08)
-9.24e-08***
(2.07e-08)
-1.35e-07

(5.97e-08)
-3.12e-07***
(6.14e-08)
-

(1.05e-07)
-3.62e-07***
(5.65e-08)
-

(1.80e-07)
-6.10e-08
(6.23e-08)
-

(1.66e-07)
-5.83e-08
(6.32e-08)
-

(1.07e-07)
-1.55e-08
(2.44e-08)
-

(1.08e-07)
-1.90e-08
(1.62e-08)
-

1.23e-06

1.57e-06**

-2.33e-07

-2.42e-07

-4.83e-07**

-3.54e-07

(8.36e-07)
-

(6.52e-07)
-

(8.94e-07)
-

(8.86e-07)
-

(2.21e-07)
-

(2.25e-07)
-

-5.79e-06

-6.40e-06

-2.17e-06

-9.83e-07

4.07e-06

5.77e-06**

(4.73e-06)
0.759**
(0.355)
-0.228
(0.142)
111
4
0.44511

(4.37e-06)
0.655*
(0.341)
-0.195
(0.153)
106
4
0.45151

(5.16e-06)
0.541***
(0.0939)
-0.0705*
(0.0379)
199
4
0.23142

(5.30e-06)
0.395**
(0.186)
0.00895
(0.0842)
187
4
0.17703

(2.86e-06)
0.345***
(0.0652)
-0.0112
(0.0381)
200
4
0.34261

(2.82e-06)
0.204***
(0.0677)
0.0747*
(0.0391)
188
4
0.25269

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

VARIABLES
Asthma Age Cohort
Percent Organic Farms
Percent Organic Acreage
State GDP per Capita
Farm GDP as a Percent of State GDP
State total Population
Median Household Income
Number of Owner-occupied Housing Units
Est. Population White
Est. Population Black
Est. Population American Indian and Alaska
Native
Est. Population Asian
Est. Population Native Hawaiian and Pacific
Islander
Est. Population Some Other Race
Est. Population Two or More Races

Model 1
Model 2
Model 1
Model 2
Model 1
Model 2
Percent Organic Percent Organic Percent Organic Percent Organic Percent Organic Percent Organic
Farms
Acreage
Farms
Acreage
Farms
Acreage
Age 35 to 44
Age 45 to 54
Age 55 to 64
0.748***
0.391***
0.111**
(0.0831)
(0.0619)
(0.0554)
0.000499
-0.00234*
-0.000869
(0.00172)
(0.00128)
(0.000653)
-0.0857
-0.322**
-0.0191
-0.338***
-0.179
-0.273
(0.219)
(0.146)
(0.119)
(0.0831)
(0.163)
(0.291)
-0.338***
-0.420***
-0.461***
-0.472***
-0.393***
-0.390***
(0.106)
(0.137)
(0.0173)
(0.0287)
(0.0646)
(0.0852)
2.80e-08
5.22e-08
7.82e-08**
8.18e-08***
6.98e-08***
8.12e-08***
(3.49e-08)
(4.41e-08)
(3.18e-08)
(3.10e-08)
(9.04e-09)
(6.40e-09)
-0.000141
-2.78e-05
-0.000587**
-0.000288
-0.000226
-0.000202
(0.000160)
(0.000151)
(0.000250)
(0.000195)
(0.000259)
(0.000287)
6.21e-09
2.67e-09
1.73e-09
-4.84e-09
7.27e-10
1.12e-09
(4.32e-09)
(5.24e-09)
(2.41e-09)
(4.66e-09)
(9.63e-09)
(1.19e-08)
-3.04e-08
-5.53e-08
-7.94e-08**
-8.19e-08***
-7.23e-08***
-8.41e-08***
(3.66e-08)
(4.47e-08)
(3.14e-08)
(3.05e-08)
(7.02e-09)
(4.60e-09)
-3.88e-08
-6.66e-08
-8.94e-08***
-9.32e-08***
-7.74e-08***
-8.98e-08***
(3.37e-08)
(4.19e-08)
(3.25e-08)
(3.19e-08)
(8.02e-09)
(4.29e-09)
-2.68e-08
-1.09e-07**
-1.03e-07*
-1.24e-07**
-1.11e-07***
-1.38e-07***
(4.31e-08)
-3.62e-08
(4.82e-08)
-2.89e-08

(5.32e-08)
-5.91e-08
(5.57e-08)
-1.99e-07

(5.92e-08)
-9.97e-08***
(3.11e-08)
7.87e-08

(5.65e-08)
-1.01e-07***
(2.94e-08)
8.81e-08

(1.43e-08)
-1.01e-07***
(6.56e-09)
8.46e-08

(8.03e-09)
-1.13e-07***
(4.73e-09)
1.76e-08

(1.36e-07)
4.97e-10
(3.74e-08)
-

(1.82e-07)
-2.11e-08
(4.30e-08)
-

(1.30e-07)
-4.14e-08**
(1.96e-08)
-

(1.10e-07)
-4.41e-08**
(1.90e-08)
-

(1.26e-07)
-2.23e-08*
(1.29e-08)
-

(1.27e-07)
-3.16e-08**
(1.46e-08)
-

VARIABLES
Asthma Age Cohort
Est. Population Two Races incl. Some Other
Race
Est. Population Two Races excluding Some
Other Race, and Three or More Races
Est. Population of Undocumented
Immigrants
Gini Coefficient
Constant
Observations
Number of years
R-squared

Model 1
Percent Organic
Farms

Model 2
Percent Organic
Acreage

Age 35 to 44

Model 1
Model 2
Percent
Percent Organic
Organic
Acreage
Farms
Age 45 to 54

Model 1
Percent
Organic
Farms

Age 55 to 64

-5.03e-07***

-4.33e-07***

-5.95e-07**

-5.96e-07**

-4.67e-07*

-4.83e-07

(1.83e-07)
-

(1.22e-07)
-

(2.52e-07)
-

(2.82e-07)
-

(2.68e-07)
-

(2.94e-07)
-

3.29e-06***

4.61e-06***

3.41e-06

4.09e-06*

3.70e-06*

3.92e-06*

(7.48e-07)
0.280
(0.175)
0.0247
(0.0659)
200
4
0.43609

(5.24e-07)
0.287**
(0.117)
0.0407
(0.0409)
188
4
0.34583

(2.34e-06)
0.240**
(0.105)
0.0593
(0.0576)
200
4
0.40314

(2.28e-06)
0.260***
(0.0907)
0.0561
(0.0515)
188
4
0.37490

(2.02e-06)
0.350***
(0.0853)
0.00235
(0.0360)
200
4
0.42564

(2.03e-06)
0.383***
(0.128)
-0.00743
(0.0552)
188
4
0.42197

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1

VARIABLES
Asthma Age Cohort
Percent Organic Farms
Percent Organic Acreage
State GDP per Capita
Farm GDP as a Percent of State GDP
State total Population
Median Household Income
Number of Owner-occupied Housing Units
Est. Population White
Est. Population Black
Est. Population American Indian and Alaska
Native
Est. Population Asian
Est. Population Native Hawaiian and Pacific
Islander
Est. Population Some Other Race
Est. Population Two or More Races

Model 1
Model 2
Percent Organic Percent Organic
Farms
Acreage
Age 65 and Older
0.748***
(0.0831)
0.000499
(0.00172)
-0.0857
-0.322**
(0.219)
(0.146)
-0.338***
-0.420***
(0.106)
(0.137)
2.80e-08
5.22e-08
(3.49e-08)
(4.41e-08)
-0.000141
-2.78e-05
(0.000160)
(0.000151)
6.21e-09
2.67e-09
(4.32e-09)
(5.24e-09)
-3.04e-08
-5.53e-08
(3.66e-08)
(4.47e-08)
-3.88e-08
-6.66e-08
(3.37e-08)
(4.19e-08)
-2.68e-08
-1.09e-07**
(4.31e-08)
-3.62e-08
(4.82e-08)
-2.89e-08

(5.32e-08)
-5.91e-08
(5.57e-08)
-1.99e-07

(1.36e-07)
4.97e-10
(3.74e-08)
-

(1.82e-07)
-2.11e-08
(4.30e-08)
-

Model 1
VARIABLES
Asthma Age Cohort
Est. Population Two Races incl. Some Other
Race
Est. Population Two Races excluding Some
Other Race, and Three or More Races
Est. Population of Undocumented Immigrants
Gini Coefficient
Constant
Observations
Number of years
R-squared

Model 2

Percent
Percent
Organic
Organic
Farms
Acreage
Age 65 and Older
-5.03e-07***
-4.33e-07***
(1.83e-07)
-

(1.22e-07)
-

3.29e-06***
(7.48e-07)
0.280
(0.175)
0.0247
(0.0659)
200
4
0.34850

4.61e-06***
(5.24e-07)
0.287**
(0.117)
0.0407
(0.0409)
188
4
0.34793

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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